The paper examines the intraday dynamics and volatility transmission among three European stock markets: Germany, France, the UK during the financial crisis of 2007-to-2009. After estimating the structural break date using Bai-Perron (1998 , we analyze the pre-crisis and crisis periods using high frequency five-minute intraday data under the VAR-EGARCH framework. The empirical findings reveal that the interdependence among European markets increased substantially during the crisis period, pointing towards shift contagion. In addition, the results show that the German stock market strongly influences stock returns and volatility in France and the UK for all periods, while the reverse hold true but is mostly irrelevant.
Introduction
During the last 30 years, financial markets have become increasingly interdependent. This trend, evident in both developed and developing countries, resulted in a gradual liberalization of capital movements, deregulation of financial markets and new technologies. These developments affected the evolution of financial markets and contributed to an increase in the interaction/interrelationship among markets (e.g. Lucey and Muckley, 2011; Beine, Cosma and Vermeulen, 2010) . As a consequence, domestic markets are becoming less isolated and react almost immediately to new information from international markets. The international linkages among the markets are likely to impact investors negatively, especially during financial turmoil, whereas financial diversification can lead to benefits for investors. Thus, understanding the nature of stock market linkages better is important for investors, regulators, and policymakers. This paper focuses on an empirical analysis of the interdependence and volatility dynamics of three stock markets: France, Germany, and the UK during the recent global financial crisis of 2007-to-2009 . We study volatility transmission during the pre-crisis and crisis periods.
Studies on the interdependence and volatility transmission among international markets during financial crises are now more frequent in the financial literature. Focusing on the financial crisis of 2007 -to-2009 , Chudik and Fratzscher (2011 analyze the role of the reduction in liquidity conditions of 26 advanced and emerging economies during the financial crisis. Tong and Wei (2008) explain stock price changes following the crisis, while Bekaert et al. (2011) investigate the presence of cross-border contagion in global equity markets during the crisis.
In terms of methodological approach, the GARCH model introduced by Bollerslev (1986) has been widely applied to stock markets. Nelson (1991) proposes an extension by introducing the exponential GARCH model (EGARCH) to capture the leverage effect originally noted by Black (1976) , according to which there is an asymmetric response of volatility to positive and negative shocks. Koutmos and Booth (1995) , Braun et al. (1995) , Kroner and Ng (1996) , and Engle and Cho (1999) propose an extension to Nelson's model by providing a bi-variate EGARCH model to study asymmetry in the volatility transmission mechanism. This model attracted extensive research on the volatility transmission in the context of the Asian financial crisis and the 2007-2009 crisis (see for example Bhar et al. (2009 ), In et al. (2001 ), Iwatsubo et al. (2007 , and Morales et al. (2011) among many others).
However, much of the empirical work on stock exchange volatility transmission and interdependence uses daily data and either ignores the same day effect or does not model the simultaneity. With the emergence of High-Frequency-Data (HFD), the analysis of financial markets can yield more accurate results 1 .
This paper contributes to the existing literature in three ways. First, contrary to most prior work, we use high frequency five-minute intraday data to study the volatility interaction among three European equity markets. Moreover, the study also takes into account strong intraday seasonality observed in intraday data. Second, we apply robust econometric techniques notably Perron test (1998, 2003) to date the crisis and distinguish between the crisis and the calm period. Third, our paper extends research on volatility spillover, especially the work of Koutmos (1996) and Kanas (1998) , by employing a bi-variate vector autoregressive exponential GARCH (VAR-EGARCH) framework to study market volatility spillover.
The paper is organized as follows. Section 2 presents the econometric methodology used in the study. Section 3 describes the data. Section 4 summarizes the empirical results. Section 5 concludes.
Methodology
For the empirical analysis, we conduct our study in two stages. First, we apply the Perron (1998, 2003) to identify the structural break in our daily frequency time series data of the Standard & Poor 500 index (S&P 500). Second, we apply a bivariate VAR-EGARCH model to our deseasonalized standardized high frequency data 2 to study the spillover dynamics before and after the structural break date. We elaborate on each of these techniques 
Identification of Structural Break
Using Perron (1998, 2003) 3 (BP) involves regressing the variable of interest on a constant and then testing for breaks within that constant. Therefore the null hypothesis of no structural break is tested against a certain number of breaks. In our case, Perron (1998, 2003) may be presented as:
where Pt is the stock market price index at time t, is the mean of the price in the kth regime and m represents the length of the time series, and represents the error term. The BP procedure requires two parameters for implementation: a minimum number of observations between breaks and a maximum number of possible breaks. More details on the test appear in the Perron studies (1998, 2003) .
Bi-variate VAR EGARCH
The model postulated to describe the filtered returns process is the bi-variate vector
  where I t−1 contains the information set through period t−1, and the diagonal elements of the conditional variance H t are:
where Z i,t = i,t /σ i,t is the standardized innovation and E |Z j,t−1 | = and the off-diagonal elements are given by i, j, t i, j i, t j, t      i≠j (4) Equation (2) describes the returns R i,t of the fourth indexes as a vector autoregressive (VAR) where the conditional mean in each market is a function of past own returns as well as crossmarket past returns.
The conditional variance at time t is given in (3). Each of the four α i,j coefficients plays a specific role: α i,j with i= j captures the effect of the magnitude of a lagged innovation on the conditional variance and when i≠j the coefficient captures the size and sign effect of a shock to market j on market i.
The term captures the effect of the sign of a lagged innovation on the conditional variance, i.e. the leverage effect (Black (1976) , Christie (1982) ). If γ j is negative and statistically significant, then we have an asymmetric response, i.e. if γ j and Z i,t-1 are negative, the effect of the shock will be larger than if it is positive. The last term in the conditional variance is a measure of persistence.
Data, basic statistics and analysis
For empirical analysis, we use two different data sets. First, we use the S&P 500 daily data (2000), we delete the 9.00-9.05 CET return interval to avoid statistical inference 5 . 4 We calculate continuously compounded returns using the equation Ri,t = 100 x (lnPi,t -lnPi,t-1) where Ri,t is the return for the stock market i at time t, lnPi,t is the log of the stock price at time t, and lnPi,t-1 is the log of the laged value of the stock price at time t. 5 Andersen et al. (2000) highlight relatively high average return volatility in the first five-min return interval of the day in comparison with any other 5-min interval.
of data between the pre-crisis and crisis is based on the structured break test of Perron (1998, 2003) . As expected, all the returns are positive for the period before the crisis but negative during the crisis episode. We observe a similar behavior for standard deviations.
Note that the skewness coefficients are positive for France and Germany but not the UK before the crisis. All kurtosis coefficients are greater than three and rise substantially during the crisis period. Finally, the Jacque-Bera test rejects the normality for the three markets for all subsamples.
Figure 1 illustrates clearly the strong structure of the volatility estimated by the absolute returns 6 . Indeed, the intra-daily volatility shows the U-shape identified for most of the markets and suggested by the model of Admati and Pfleiderer (1988) : a strong volatility at the beginning and at the end of the trading session 7 . This one falls again to a low level until 14.00
CET and then the activity in the market accelerates significantly with peaks between 14.00 and 15.00 CET. The recurring character of this volatility behavior inside the day of exchange is illustrated via the correlative structure of autocorrelation of absolute and deseasonalized returns ( Figure 2 ). The autocorrelations of the absolute returns on 10 days present systematic peaks for lags which correspond in the whole days. This shows the presence of seasonal structures in our intra-daily data. In line with Bollerslev (1997, 1998 ) and with Andersen et al. (2000) , and in order to avoid potential biases, the series of intraday returns have to be deseasonalized.
As we observe, the Flexible Fourier Form (FFF) representation reduced the intraday periodicity considerably. Figure 2 of the correlograms of both deseasonalized and standardized absolute returns shows a significant decay in serial correlation. Therefore, the standardized returns reduce the risk of spurious causality. Once the data are deseasonalized and combined in order to remove the periodicity, we obtain contemporaneous five-minute filtered returns.
6 Following the literature, we retain the absolute return |Rt,n |as measure of volatility since the autocorrelation of |Rt,n |is higher than Rt,n² and there is more structure to study. For more information see Taylor J., and Xu X. (1997) and Taylor (1986) 7 The intraday volatility pattern of the others periods is not reported in order to save space but they can be made available on requests to the author.
Empirical results and discussion

Bai-Perron Procedure
Our approach is to first determine the structural break date using the Perron (1998, 2003) 
Bi-variate VAR EGARCH Specification
Before proceeding to the estimation stage we need to fit the best of bi-variate VAR (k) EGARCH(p,q) models to our data series. As indicated in Tables 2,3 and Q²(20) , are greater than one percent for all market pairs, and therefore we can accept the null hypothesis of no autocorrelation up to order 20 for both standardized residuals and squared standardized residuals. According to the VAR equation, the own lagged returns as well as the lagged returns (βi,j) of other markets are significant for almost all the market at the minimum of a 10 percent significance level. However, the DAX30 seems to influence the CAC40 and FTSE100 with higher magnitude while the reverse is also true but with a lesser magnitude. Concerning CAC40 and FTSE100, we observe that CAC40 is influenced by FTSE100 for both the pre-crisis and crisis periods whereas for the reverse the results are not significant.
8 The lag was chosen based upon Shwartz and AIC Information criteria. Tables 3, 4 and 5 give the estimates of a significant return spillover between the markets.
Estimation of Bivariate VAR EGARCH
These findings confirm previous research with similar results, especially at an intraday level (e.g. Hussain, 2011) . Moreover, our results show that the magnitude of the return spillover is more important at the first lagged term than the second.
Comparative analysis of the results of pre-crisis and crisis periods reveal that the level of correlation of returns between the markets increased significantly after the break date except for the CAC 40 and DAX 30 pair where the correlations are relatively constant with a coefficient of correlation ( ) of 0.83. These results confirm the findings of Forbes and
Rigobon (2002) and Ahlgren and Antell (2010) that, following a crisis or a shock to one country, we can observe a significant increase in cross-market linkages/correlations.
The results of conditional volatility also reveal similar results for volatility transmission between the markets. We observe that before the bankruptcy of Lehman Brothers (15/09/2008) there was volatility transmission from the FTSE 100 to the CAC40 index, from the DAX30 to the CAC40 index, and from the DAX30 to the FTSE100 index. During the crisis period, we observe a similar tendency but with a higher magnitudes of volatility transmission. The results show that the volatility spillover from the DAX 30 to the CAC 40 is around 11 percent, from the CAC 40 to the FTSE 100 it is around 22.5 percent, and from the DAX30 to the FTSE100 it is around 18 percent. Therefore, we find strong evidence that the markets under study are interdependent and the German stock market overreacts on a shorter horizon compared to the other two markets. One possible explanation for this over reaction could be due to the overall composition of the financial and real channels of transmission.
Finally, during the global financial crisis, there is a higher tendency toward shift contagion.
We find that the coefficients of asymmetry (γ i,j ) are significant for the crisis period. The asymmetry effect exists for almost all the countries during the crisis and pre-crisis periods.
However, we find one instance where there is positive asymmetric effect that is significant for the turmoil period. This result is not surprising as, during the turmoil period, the good news may have a bigger impact than the negative news compared to the calm period.
The volatility persistence coefficients (δ i ) are highly significant and very nearly reach one during the crisis period. This result is expected as the markets are in a continuous process of turbulence and the clustering phenomenon is observed.
Conclusion
This article extends the existing literature on volatility transmission during the global financial crisis by applying VAR EGARCH methodology on high frequency five-minute intra-day data for three major European economies. After deseasonalizing our data we segment it into two parts i.e. pre-crisis and crisis periods, based upon the break date of 12/09/2008, estimated using the Bai-Perron (1998 procedure. This break date is very close to the date of Lehman Brothers' default of 15/09/2008. Specially, to focus on intraday return and volatility transmission dynamics, we take a window of two months before and after the structural break date. VAR EGARCH estimates provide interesting insight into interdependence structures, return and volatility spillover during the crisis period. First, we conclude that the three indices, the DAX 30, CAC 40, and FTSE 100, are highly correlated to one another for the entire period of study and these correlations become even more important during the turmoil period, giving rise to the phenomenon of shift contagion. This argument is further supported by the findings of Mun and Brooks (2012) . Second, we conclude that each market influences the other in the very short run, but the German stock market plays the most active role by influencing the other two markets. Lastly, we observe a similar behavior for volatility transmission. Germany may be regarded as the battery for volatility transmission to France and the UK. This argument may be supported by the fact that Germany is regarded as the hub of financial and economic activity in Europe. This result is in line with the results of Chen et al. (2003) and Bialkowski et al. (2006) and has important implications for international portfolio diversification strategy. In particular, international investors and policy makers may want to analyze the volatility and return behavior of local stock markets when there is a negative shock to another stock market. Note: *, **, *** represent statistical significance at 10%, 5% and 1% respectively. Note: *, **, *** represent statistical significance at 10%, 5% and 1% respectively. 
